It is well-known that carbohydrate sugar chains, or glycans, play various well in cellular processes, including cancer, but the elucidation of glycans is difficult because of their complex structure. Both computational methods and mathematical models are necessary to integrate and analyze the information of glycomics data so as to efficiently detect glycan structures. In this paper, we propose a new model to predict the structure of N -glycans, which are the most common type of glycans. Our proposed prediction method is based on a Multiple Linear Regression (MLR) model. The coefficients of our proposed model are solved by using experimental data. We obtain our data from High Performance Liquid Chromatography (HPLC) experiments. Three sources of our data are adopted and they are divided into two parts: elution value on an Amide column and elution value on an OctaDecylSilane (ODS) column. After pre-processing the data, we then construct our proposed MLR model. The obtained correlation coefficients are 0.9680 for the Amide data and 0.9263 for the ODS data. We have also tested the correctness of the model statistically. The model test and correlation coefficients demonstrate both the accuracy and efficiency of our proposed model.
Introduction
It is well-known that protein glycosylation often determines or affects the characteristics and functions of the protein. Structural analysis of carbohydrate sugar chains, or glycans, has been highlighted in recent years due to their increasing occurrence in diseases like cancer, autoimmunity, inflammatory response and so on. A large amount of scientific work have been devoted to this topic and significant progresses have also been achieved, see for instance [13, 14, 15] . There is evidence showing that a controlled glycan process can help to optimize the activities of most psychotherapeutics [11, 12] . However, the diversity of sources, the scale of incomplete data and the complexity of carbohydrates sugar chain give rise to many challenges in glycan structure analysis. A number of approaches have been proposed to describe and understand the structure of glycans, especially N -glycans, which are the most well-known of the glycan classes [14] . Many large scale experimental technologies have been established to analyze the structure of N -glycans, including High-Performance Liquid Chromatography (HPLC), Mass Spectrometry (MS), methylation [1] , etc. Even though a lot of useful information can be obtained from the chemical experiments, chemists and biologists believe that mathematical modeling can provide a better understanding and a new perspective for the captured problem [13] . In this paper, we propose a Multiple Linear Regression (MLR) model for analyzing the structure of N -glycans in HPLC data, aiming at improving the prediction accuracy . We obtained three sets of HPLC data, which we name Set1, Set2 and Set3. Set1 is taken from [4] , Set2 is taken from professor Matthew Campbell (Macquarie University), Set3 is taken from a public domain [10] . The following is a brief introduction to the HPLC method. It contains two kinds of techniques: normal-phase HPLC and reverse-phase HPLC [16] .
Introduction to HPLC
Normal-phase HPLC (NPHPLC) is a well-established and extensively used method for chemical analysis and the elution process is based on an Amide-80 column. Fluoresced with 2-aminobenizamide (2AB), it enables sugars to be detected at femtomole level. Apart from easy-operation, NPHPLC is equipped with many advantages [2] , and we list them as follow:
• Glycan with the same composition but yet differs in glycosidic linkage or carbohydrate chain can be separated. This is an advantage over mass spectrometry-based techniques.
• Relationship between monosaccharide and retention time is an injective relation (one-to-one), so the change in retention time can reveal a unique chemical process, which means that there is a unique change in the carbohydrate chain.
• Different fluorescence used in the NPHPLC process reveals different results, so NPHPLC allows better and wider separation based on fluorescence.
RPHPLC [2] is another kind of HPLC process. It conducts the separation on non-polar stationary phase, and the most popular column is the OctaDecylSilane (ODS) column. While using HPLC, RPHPLC or N-PHPLC are chosen depending on the characteristic of the experiments themselves. However, RPHPLC has its own advantage over NPHPLC in the following aspects:
• Hydrophobic stationary phase enables better retention results and less time for most organic molecules.
• RPHPLC is PH sensitive, so PH can be verified as as to improve the effect of separation.
• Both NPHPLC and RPHPLC are easy to operate, but the ODS column is much more stable than a Silica column.
Our three data sets are obtained from HPLC experiments: nearly 60% from NPHPLC and nearly 40% from NPHPLC. We acquired our data from three different sources, Set1 is taken from [4] , and a detailed elution value description of a large scale of N -glycan can be found. Set2 is tajen from Dr. Matthew Campbell (Macquarie University), only containing Amide data, and Set3 is from the public domain [10] . Since the elution value for the same glycan are different in the three sources of data due to experimental noises, data pre-processing is needed before applying our proposed MLR model.
Introduction to MLR Model
Multiple Linear Regression (MLR) method is one of the most popularly used models in bioinformatics [17] . As mentioned before, the MLR model can be applied for integrating and analyzing the results, and it is one of the major methods for modeling the contribution of each monosaccharide in the parameterizations of the elution value of N -glycans.
The MLR model is a traditional method that attempts to modify the relationship between independent variables x ij , (j = 1, 2, 3, . . . , n) with independent variables y i , (i = 1, 2, 3, . . . , k). The mechanism of the MLR method can be expressed as follows:
Here n is the total number of variables and k is the number of observations, β is called the parameter vector, and ϵ is the error term. The principle of the multiple linear square regression method is to minimize the norm of ϵ. Here we adopted the L 2 -norm ||.|| 2 where ||x||
i for a vector of size n. The MLR model has been widely applied to, for example, research in the spatial digression of carbon dioxide emissions [7] , investigation of changes in birthweight for term singleton infants in Scotland [8] , and inter-network settlement of the Internet [9] . In fact, MLR models have also been applied successfully in the investigation of the relationship between elution value with structure of glycans, see for instance [1] .
The MLR model for the study of glycans was first proposed by Lee et al. [1] in parameterizing the structures of PA-oligosaccharide, and later improved by Tomiya et al. in [4, 3] . In Lee's model, PAoligosaccharide was classified into 4 series: M -series, X-series, F -series and Z-series. Here M -series denote those high mannose type, X-series means all the glycan in this type contains xylose, F -series denotes a type containing xylose and the rest glycan are included in the Z-series. Tomiya et al. [3] later show that it is unnecessary to divide them into four series, and they proposed their model by combining the four series together. And this improvement indicates that those different kinds of glycans can share a same property (model). However, there are still some ambiguities and we list them as follows:
• Elution value of a monosaccharide is not unique, it depends on many factors like the kind of sugar, anomeric linkage, the kind of sugar it is being substituted, the kind of sugar it substitutes to, the position of the substitution, and the specific chain of the glycan. Thus the elution value of the monosaccharide varies if its position changes.
• The difference in the elution value of the same monosaccharide may introduce great difficulty in prediction.
In view of the limitations in the former models, we propose a revised model. In our model, we believe it is reasonable that the glycosidic linkage should have some contribution to the holistic elution value since it determines the steric configuration of the glycan. Moreover we assume that different glycosidic linkage shall have different "elution value". Nevertheless, regarding to the confusing points mentioned, elution value for the monosaccharide should be unique no matter which position it lies in the carbohydrate chain.
The remainder of this paper is structured as follows. In Section 2, we shall present our Multiple Linear Regression (MLR) model. Section 3 discuss the performance of our proposed models and also the prediction results. Finally Section 4 concludes the paper.
Methodology
The main contribution of our paper is to propose an improved MLR model for explaining the relationship between the elution values and the glycan structures. The proposed model here is able to make predictions on the glycan structure given its elution value.
Lee et al. [1] proposed a binary model which can show the existence of each monosaccharide on its position. For example, it treats the same monosaccharide at different position as different variables in his model, and if there exists a specific monosaccharide on its specific position, then its value is 1, otherwise, it is 0. This will unavoidably cause some confusion since every time there is a new monosaccharide found, or even a ever-known monosaccharide linked to a ever-know monosaccharide on a new position, it will be treated as a new variable, and one has to update the model. To our best knowledge, there is no uniform treatment for the size of variables in his model.
Enlightened by the the law of gravity, we assume that the influence of glycosidic linkage should be different with respect to different pair of monosaccharide. Moreover, the assumption that each kind of monosaccharide's elution value should be unique is another key assumption in our model. Based on the assumptions, two kinds of variables are introduced: monosaccharide and glycosidic linkage. They have their own "elution value", and these variables are assumed to be independent.
We employ data sets mentioned in the previous section to obtain the parameter vectors in the model. Set1, Set2 and Set3 are different due to experimental noise. Thus data pre-processing is required before applying our model. We use the average elution value of the three data set as the elution value of the glycan. Inspired by some former works [3] , we assume that the elution value of each component is "additive", and their sum is equal to the holistic elution value of the PA-oligasaccharide. But the "contribution" of the two components is different, and we denote them by U C i and U C ′ i . Here U C i means the "contribution" of those monosaccharide and U C ′ i means the "contribution" of glycosidic linkage. And there is a constant term in the regression model. Hence we have
In the above model, U C j means the contribution of the jth monosaccharide, which can be called elution value of jth monosaccharide. While U C ′ j is the contribution of the jth glycosidic linkage, and ϵ(i) is the error term of the ith sample, and it follows a normal distribution with mean 0.
The value of x j shows the number of jth monosaccharide in the whole structure, and the same meaning holds for U C ′ j . We can obtain the value of Elu(i), U C j , U C ′ j from the sample, since the value of Elu i is taken from HPLC experiment. We can also count the value of U C j and U C ′ j , since the structure of the N -oligosaccharide is given.
We remark that the above description shows that if the size of the sample set is large enough, it is possible to calculate the elution value for all the known monosaccharide. But due to the limitation of the experiments, our three sets only cover part of the glycan world.
Discussions

Model Utility Test
In order to test the utility of the model, we apply a couple of statistical tests.
Definition 1
The coefficient of multiple determination is defined as
whereȳ is the mean value of y i .
The coefficient of multiple determination shows how well the data points fit the proposed model. We are concerned about the utility of the model, and we employ F -test to determine the utility of our proposed model. Given the definition of coefficient of multiple determination, the model utility test is given as follows. The Null Hypothesis H 0 against the Alternative Hypothesis H 1 :
And the rejection region for level α is given by f ≥ F α,k,n−(k+1) where
and n and k are related to its degree of freedom. In our model, n is the size of experimental data and k is the number of variables. The null hypothesis is set based on the assumption that there is no useful relationship between y and any one of the k predictors. Thus if the proportion of the elution value is high relative to the elution value of each component, we would naturally prefer to reject H 0 and confirm the utility of our model. Table 1 shows the performance of our model. The table was divided into four parts, Part I shows the value of the constant number. Part II reveals the elution value of monosaccharide, in other words, the value of U C i . Part III reveals the elution value of glycosidic linkage, meanwhile, the value od U C ′ i . Part IV shows the statistical test results. Here R is the coefficient of multiple determination, F is the value of statistical test value and p is the probability refer to the value of F . One can see from Part IV that the probability concerning the value of the statistical test are all zeros. It is reasonable to believe the model proposed is statistically meaningful. The model can explain the relationship between the holistic elution value of the glycan with elution value of each component. Table 1 From the table, one can see that monosaccharide M an has the largest elution value when compare to other kinds in the set including all the Amide data, while N eu5Ac's elution value is largest in the ODS data set. This means that when we cut down or add a M an(or N eu5Ac), the difference in the elution value of the carbohydrate chain is the largest. The change in the number of M an can be revealed in the experiment. But GLcN makes the largest contribution, since the number of GLcN is much larger than M an even its elution value is smaller. Another interesting observation in the upper-part of the table is that the standard deviation of the elution value on Amide column is much smaller than elution value on ODS column. This can be due to the different characteristic of these two columns.
General Discussions
The second part of the table shows the elution value of glycosidic linkage. The kind of monosaccharide it links to and the angle of the linkage determine the elution value of that glycosidic linkage. For example, the elution value of M anα1, 6M an and M anα1, 3M an are different since the angle of their glycosidic linkage is different. But the difference of value depends on the monosaccharide it links. For example, the difference between elution value of M anα1, 6M an and M anα1, 3M an is much smaller than difference of elution value of N euα2, 6G and N euα2, 3G. The kind of monosaccharide and the angle of the glycosidic linkage have great effect on the space structure of the oligosaccharide, so the elution value is greatly affected. Similar to the upper part of the table, standard deviation of the elution value on Amide column is also much smaller than that on ODS column, this may due to the difference of polarity of these two columns.
Moreover, from Table 1 , we can also find some negative numbers and zeros. In our assumption, those zeros and negative numbers have the following implications:
• A loss of such kind of monosaccharide or glycosidic linkage in the data set, for example, Glcα1, 3M an in the ODS data set.
• Such component always occurs with another kind of component synchronously. For example, the elution value of Xylβ1, 2M an is 0 in the two sets, since it occurs synchronously with Xyl.
• The frequency of such component occurring in each glycan is fixed, for example, M anα1, 6M an.
We remark that such kinds of zeros may have negative influence on the model because of the lack of enough data. The missing of a monosaccharide will also influence the glycosidic linkage it links, so influence of such glycosidic linkage should also be excluded.
The negative numbers in the table may have the following implications:
• Experimental error.
• The component makes a negative contribution, for example, the elution value of Xyl on ODS column. are usual points, they follow normal distribution and the red ones are unusual points. We can see from the graphs the ratio of unusual points is really very small (less than 3%). Thus taking the statistical analysis and the residual graphs, one can conclude that our proposed model performs reasonably well.
Figure Description
Prediction
The structure of a glycan can be predicted if and only if it is part of the glycan tree in [4] . However, we always want to predict the unknown structure. But the former model only provides a way for predicting the ever-known structure. And we believe that the glycan tree in [4] only consists of a proportion of the whole glycan tree. Therefore the model should be updated whenever there is a new branch added to the tree, no matter it is a new branch or not. We note that whenever the model is updated, one more coefficient will be introduced and the former model almost cannot be used for prediction. However, our model can acquire that ability, which is an important advantage and feature of our model. We can infer the nature of monosaccharide and glycosidic linkage by comparing the difference of the elution value of the resultant and reactant. After using different kinds of enzymes and trace the steps back, one can build the structure of the unknown glycan. For example, in the process of α − mannosidase digestion of M an 9 GlcN ac 2 [1], we can use our model to predict the chemical process in each step. We use the result of Set1 on Amide to conduct the prediction. Table 2 shows the difference between the observed data and the calculated data in each step, and we can observe from the table that most of the values are close to each other. The digestion process starting from digesting M an 9 GLcN Ac 2 (M 9.1), and there is only one resultant (VIII) in the first step, and the difference between M 9.1 and VIII is −0.96. The following is the digestion result of VIII, where there are two kinds of processes. The digesting procedure for Process 1 is from VIII (8.67) → VIIa (8.28)a → V (6.2). The digesting procedure for Process 2 is from VIII (8.67) → VIIb (7.86) → VI(7.1)→ V(6.2). In Process 2, the difference between reactant and resultant is (−0.81, −0.77, −0.89) We can infer from the whole process, the absolute value of the difference should be the sum of the elution value of M an and a glycosidic linkage linked to it, and inferring from Table 1 , the glycosidic linkage should be M anα1, 2M an. In Process 1, the difference between the reactant and resultant is (−0.39, −2.08), similarly in Process 2, the second difference should be the sum of elution values of two M an and the glycosidic linkage linked to it. The same analysis can be done similarly to the last four steps.
Conclusions
Analyzing and integrating hidden information in the experimental data for predicting the unknown structure are of great significance in glycan structure exploration. As a consequence of new high technology, typical chemical analysis of the molecules achieves great progress. Currently, there is much room for the improvement of mathematical modeling of glycan structure. For example, in the former multiple linear regression model, the structure of the glycan can be predicted if and only if it is part of the glycan tree [4] . We propose a new model, which provides wider and better prediction. The high correlation coefficients and the correlation curves also reveal high-fitting degree of the model. However, N -glycans is only a small class of glycans, there are still many other kinds of complicated glycans. Further research is required to develop a better model for the description and prediction for all classes of glycans. noisy sinusoid by Linear Regression", IEEE T Inform Theory, 1985, 31 pp. 832-835
